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Purpose: In this paper, the ability to quantify cerebral blood flow by arterial spin 
labeling (ASL) was studied by investigating the separation of the macrovascular 
and tissue component using a 2- component model. Underlying assumptions of this 
model, especially the inclusion of dispersion in the analysis, were studied, as well as 
the temporal resolution of the ASL datasets.
Methods: Four different datasets were acquired: (1) 4D ASL angiography to character-
ize the macrovascular component and to study dispersion modeling within this com-
ponent, (2) high temporal resolution ASL data to investigate the separation of the 2 
components and the effect of dispersion modelling on this separation, (3) low temporal 
resolution ASL dataset to study the effect of the temporal resolution on the separation 
of the 2 components, and (4) low temporal resolution ASL data with vascular crushing.
Results: The model that included a gamma dispersion kernel had the best fit to the 
4D ASL angiography. For the high temporal resolution ASL dataset, inclusion of 
the gamma dispersion kernel led to more signal included in the arterial blood vol-
ume map, which resulted in decreased cerebral blood flow values. The arterial blood 
volume and cerebral blood flow maps showed overall higher arterial blood volume 
values and lower cerebral blood flow values for the high temporal resolution dataset 
compared to the low temporal resolution dataset.
Conclusion: Inclusion of a gamma dispersion kernel resulted in better fitting of the 
model to the data. The separation of the macrovascular and tissue component is af-
fected by the inclusion of a gamma dispersion kernel and the temporal resolution of 
the ASL dataset.
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1 |  INTRODUCTION
Arterial spin labeling (ASL) is a noninvasive MRI tech-
nique that allows for the measurement of tissue perfusion. 
Quantitative cerebral blood flow (CBF) information is im-
portant, for example, for studying the hemodynamic involve-
ment in neurovascular diseases such as stroke, Alzheimer 
disease, and transient ischemic attack.1,2 For the recom-
mended ASL method of pseudo- continuous ASL (pCASL), 
the arterial blood is magnetically labeled when traversing 
through a labeling plane; after a post- label– delay (PLD), 
in which the labeled blood flows from the labeling plane to 
the tissue, the readout is performed. Subtracting this labeled 
image from a control image without magnetic labeling results 
in perfusion- weighted images. Using a single component 
model, these perfusion images can be quantified to obtain 
quantitative CBF maps providing information on the cerebral 
hemodynamic status of a patient. The main assumption of a 
single component model is that all labeled blood has arrived 
at the tissue that it will ultimately supply.
When quantifying the perfusion using a single component 
model, CBF maps can be contaminated by ASL- signal from 
within the macrovasculature, that is, label that is still on its 
way to reach the tissue it will feed, leading to an overestima-
tion of the CBF.3 Including a macrovascular component into 
the kinetic model potentially allows for isolation and subse-
quent elimination of this macrovascular component. This al-
leviates the overestimation of the CBF because it separates 
the ASL signal into 2 components: a macrovascular and a tis-
sue contribution. Use of a 2- component kinetic model relies 
on the availability of multi- time point data and allows gener-
ation of both CBF and arterial blood volume (aBV) as well 
as arterial transit time (ATT) maps. However, only limited 
validation of this 2- component model has been performed.3,4
Due to underlying assumptions of the 2- component model, 
the CBF maps can still be biased. For example, it is frequently 
assumed that the box- shaped input function as it is created at the 
labeling plane is preserved when it travels through the vascula-
ture into the tissue.5 However, due to laminar flow profiles in 
larger arteries, bifurcations, bending of vessels, and diffusion of 
the labeled water molecules within the blood, the labeled bolus 
will be dispersed.6 Therefore, to obtain more realistic CBF esti-
mations, it has been proposed to include a gamma distribution 
dispersion kernel in the 2- component model to estimate and 
correct for dispersion of the bolus of labeled blood. By cor-
recting the CBF quantification for the fact that some dispersed 
(trailing) spins have not yet arrived at their final destination, the 
perfusion estimation can be improved, and such a correction 
would lead to higher CBF values.7,8 On the other hand, it could 
also potentially improve the discrimination between the macro-
vascular and tissue perfusion signal, which would lead to higher 
aBV values and lower CBF values.
Fitting multi- timepoint ASL data with a 2- component 
kinetic model allows for the estimation of CBF, aBV and 
ATT maps. Timing parameters such as ATT have proven to 
provide important information in patients with, for example, 
transient ischemic attack, Alzheimer disease, and stroke.1,2,9 
Separation of the macrovascular signal from the tissue sig-
nal allows for more accurate CBF values because the CBF 
estimations are no longer contaminated by macrovascular 
signal.3 It is, however, difficult to separate the 2 components 
especially far into the arterial tree because at this point the 
macrovascular signal is more dispersed and looks very simi-
lar to tissue signal. Including a dispersion kernel within this 
2- component kinetic model will improve the separation at 
this point because it can assess macrovascular dispersion.6 
Therefore, accuracy of the CBF estimation could potentially 
be improved by fitting multi- timepoint ASL data with a 
2- component kinetic model with dispersion modelling.
The goal of this study was to validate the separation of 
the macrovascular and tissue component by the 2- component 
model and to validate the underlying assumptions with a spe-
cial focus on the inclusion of dispersion in the analysis. This 
was studied by acquiring both 4D ASL angiography (ASL- 
MRA) to better characterize the vascular component, as well 
as high and low temporal resolution ASL- data to test whether 
temporal resolution affects the ability to estimate the macro-
vascular component. In this study, the term temporal resolu-
tion stands for the temporal sampling interval with which the 
passage of label was imaged; for traditional ASL, this would 
be equal to the PLD step- size.
2 |  METHODS
2.1 | MRI experiments
Eight healthy volunteers (22- 56 years old; 7 females, 1 male) 
were scanned using a 32- channel head coil on a 3 Tesla- 
scanner (Achieva, Philips Healthcare, Best, The Netherlands). 
All volunteers provided informed consent, and the study was 
approved by the local institutional review board. In each vol-
unteer, 4 datasets were acquired: (1) 4D ASL angiography 
for detailed information on the macrovascular signal; (2) 
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high temporal resolution perfusion ASL data; (3) conven-
tional (low) temporal resolution perfusion ASL data; and (4) 
conventional (low) temporal resolution perfusion ASL data 
with vascular crushers.
2.2 | Characterization of the macrovascular 
component and dispersion using 4D ASL- MRA
2.2.1 | Acquisition
As a reference scan for the macrovascular component, 4D 
contrast inherent inflow- enhanced multiphase angiography 
ASL data was acquired.10 pCASL labeling with a label du-
ration of 500 ms was followed by a minimum PLD of 40 
ms and a Look- Locker (LL) turbo- field echo- planar imag-
ing readout, by which 8 images were acquired at an inter-
val of 200 ms with a constant flip angle of 7°.11,12 In total, 
140 slices were acquired in 6 min 44 s (TR/TE = 12/4.7 ms; 
multi- shot 3D turbo- field echo- planar imaging with 91 shots, 
and EPI factor of 5) with a FOV of 220 × 220 mm2, an acqui-
sition voxel size of 1.27 × 1.27 × 1.30 mm3, and a sensitivity 
encoding factor of 2.5 (Figure 1A). For calibration purposes, 
an M0 image with the same geometry and parameters was 
acquired without employing LL and using a flip- angle of 10°. 
Note that instead of the more commonly used pulsed labeling 
scheme, a pCASL labeling approach was used for this 4D 
ASL angiography dataset to keep the acquisition as similar to 
the perfusion data as possible.
2.2.2 | Postprocessing
The 4D angiography data was corrected for the use of a 
low flip- angle LL readout by calculating the amount of 
saturation12:
where α1, α2, and α3 are the flip angles of the startup echoes; 
α is the flip angle of 7° that was used during the acquisition; 
and n is the amount of RF pulses that were used during a single 
LL phase. After subtracting the label condition from the control 
condition, the 4D ASL angiography was divided by the appro-
priate correction factor as calculated for that LL phase.
The corresponding M0 scan that was used to quantify this 
dataset was scanned with a different flip angle (α = 10°) and 
a shorter TR of 800 ms. To correct for this, the longitudinal 
magnetization was modelled as follows13:
The longitudinal magnetization was calculated over the 
multiple RF pulses that were used during the readout, show-
ing that it reached a steady state at 0.66. Multiplying by sin(α) 
to account for the low flip- angle excitation provided the cor-
rection factor. The M0 scan was divided by this correction 
factor before quantifying the data with a kinetic model (see 
next section). A single M0 value calibration technique was 
used during quantification because the M0 scan was inhomo-
geneous due to fresh inflow of blood within the vasculature.14
2.2.3 | Kinetic modeling
The Bayesian Inference for Arterial Spin Labeling MRI 
(BASIL) toolkit of the Oxford Centre for Functional MRI 
of the BRAIN’s software library was used to quantify the 
ASL signal within a probabilistic analysis approach.3,15,16 
Within this framework, the macrovascular contribution to the 
ASL signal can be fitted and separated from the perfusion 
signal using the 2- component kinetic model. This results in 
CBF, aBV, and ATT maps. The negative free energy (FE) 
was calculated, which combines the accuracy of the fit of the 
model with a penalty for the number of free parameters; the 
higher this value, that is, the closer to 0 because the values 
are negative, the better the model was able to fit the data. 
In addition, the model’s fit prediction was obtained showing 
how the model fitted the data over the multiple timepoints. A 
single M0 value, which was determined manually in a region 
of interest located in the gray matter and divided by the tis-
sue/blood partition coefficient of water (ʎ = 0.9), was used 
for calibration.
For this 4D ASL angiography dataset, only the macrovas-
cular component was fitted, resulting in only aBV maps, that 
is, no CBF and ATT maps. Moreover, fitting was restricted 
to the first 5 timepoints of the data because barely any sig-
nal was present in the last 3 timepoints. Three different mod-
els were tested: (1) without dispersion, that is, assuming a 
boxcar- shaped bolus shape; (2) with inclusion of dispersion 
by a gamma kernel using the default settings of BASIL for 
the parameters time to peak (p) and sharpness (s) (parameters 
reparametrized and subject to a Gaussian prior with means 
and precisions; default values for the priors of these param-
eters described by log(s) = 2 and log(s*p) = −0.3, with the 
precision of these priors set at 1.0); and (3) with inclusion of 
a gamma dispersion kernel with low precision priors. For this 
model, more freedom to the dispersion kernel was achieved 
by lowering the precisions of the priors from 1.0 to 0.1 for the 
2 parameters (p and s) that are described earlier .
The default value for the prior of the parameter that de-
scribes the time it takes for the bolus to arrive within an 
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F I G U R E  1  (A) Overview of the sequence used to acquire the 4D contrast inherent inflow- enhanced multiphase angiography ASL 
angiography. A pCASL labeling with a duration of 500 ms was followed by a low flip- angle LL multi- shot 3D TFEPI readout that acquired 8 
images at an interval of 200 ms. (B) Overview of the high temporal resolution sequence based on a Hadamard- 8 labeling scheme for time- encoded 
pCASL in combination with a LL readout. The total label duration of 2325 ms was divided into 7 blocks of 2 × 600 ms and 5 × 225 ms, with 
a minimum PLD of 100 ms. The black blocks indicate labeling; the white blocks indicate control condition; and the numbers below the blocks 
represent the duration in milliseconds. Background suppression pulses were played out at 1060 and 2020 ms after start of labeling. By means of 
the LL readout, 4 phases of 150 ms were acquired with each a different flip angle: 30°, 35°, 45° and 90°. Four slices were excited simultaneously 
by using a simultaneous multi- slice acquisition. (C) Overview of the low temporal resolution sequence based on a Hadamard- 8 labeling scheme. 
By eliminating the LL readout for this sequence, 7 timepoints were acquired using a 90° flip angle. This sequence was performed with and without 
vascular crushing of 4 cm/s2. ASL, arterial spin labeling; LL, Look- Locker; MB, multiband; pCASL, pseudo- continuous ASL; PLD, post- label 
delay; TFEPI, turbo- field echo- planar imaging
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arterial voxel also described as bolus arrival time (BAT), 
which is set in BASIL to 1 s as default value for pCASL, is 
based on different acquisition settings than those used for this 
study. For the 4D ASL angiography, a shorter value was ob-
served for BAT because a short label duration and PLD were 
used. However, because no prior experience was available, 
the first 4 datasets were used to explore multiple different 
initialization values for the prior of the BAT parameter rang-
ing from 0.1 to 1 s with steps of 0.15 s, and subsequently the 
parameter was fixed.
To determine which model was able to best estimate the 
macrovascular component, the mean negative FE was calcu-
lated within an arterial mask, and the model’s fit predictions 
were investigated. The arterial mask was created manually by 
thresholding the aBV maps for the 3 different models for each 
volunteer. Only the voxels that were included in all 3 masks 
were included in the arterial mask that was used for the eval-
uations. The mean negative FE was also used to determine 
which of the initialization values for the BAT parameter pro-
vided the best fit to the data in the preliminary experiments 
to set the BAT prior mean value. The mean aBV values were 
also calculated within the arterial mask. A univariate analysis 
of variance (ANOVA), with P < .05 to be considered signifi-
cant, was used to compare the mean aBV values between the 
3 models that were fitted to the data.
2.3 | Combined estimation of dispersion and 
macrovascular component in high temporal 
resolution ASL
2.3.1 | Acquisition
To study the ability to estimate dispersion and to separate the 
macrovascular component from the tissue component, high 
temporal resolution ASL datasets were acquired. Densely 
sampled multi- timepoint (28 timepoints) ASL was acquired 
by combining time- encoding pCASL with a Hadamard- 8 
matrix and a LL EPI readout (Figure 1B).17 The total label 
duration for the time- encoding- pCASL was 2325 ms, which 
was divided into 7 blocks of 2 × 600 ms and 5 × 225 ms, 
with a minimum PLD of 100 ms. Two frequency offset cor-
rected inversion pulses were applied at 1060 and 2020 ms for 
background suppression. By employing a LL EPI readout in 
combination with a flip- angle sweep of 30°, 35°, 45° and 90°, 
4 images were acquired at an interval of 150 ms while main-
taining an approximately constant signal over the multiple LL 
readouts. To obtain whole brain coverage, that is, 16 slices, 
within the 150 ms interval, 4 slices were excited simultane-
ously with multi- banded RF pulses. For these 16 slices, a total 
of 12 repeats of the 8 Hadamard encoded images (96 acquisi-
tions) were acquired in 10 min 20 s (TR/TE = 3100/9.52 ms; 
fat suppression by means of spectral presaturation with 
inversion recovery; single- shot echo planar imaging), with a 
FOV of 220 × 220 mm2 and a voxel size of 3 × 3 × 8 mm3. 
A sensitivity encoding factor of 1.9 was used in combination 
with a partial Fourier imaging factor of 0.7.18 For calibration 
purposes, an M0 image with the same geometry, flip- angle of 
90°, and a TR of 2000 ms was acquired without utilizing LL 
or simultaneous multi- slice acquisition.
2.3.2 | Postprocessing
The high temporal resolution ASL dataset was decoded using 
the appropriate Hadamard matrix. The following three cor-
rections were performed before quantifying the ASL signal, 
background suppression correction, correction for the loss of 
signal due to imperfect inversion and a correction for the use 
of the flip- angle sweep.18
2.3.3 | Kinetic modeling
Both the macrovascular and perfusion components were 
modeled for the high temporal resolution ASL dataset, 
thereby producing CBF, aBV, and ATT maps. A single M0 
value calibration method was used, which was manually de-
termined using a region of interest in the gray matter and cor-
rected for ʎ = 0.9. Two different models were fitted to the 
high temporal resolution dataset: (1) without dispersion mod-
elling, and (2) with a gamma dispersion kernel included in 
the model. Fitting the data with these 2 models will provide 
insight on how the model is able to estimate both the macro-
vascular component and the dispersion within a 2- component 
kinetic model. The initialization value for the BAT parameter 
that gave the highest mean negative FE for the 4D ASL angi-
ography was used.
To calculate the mean aBV and CBF values for this data-
set, gray matter masks were created by segmenting a T1- 
weighted image using FMRIB's automated segmentation tool 
in FSL, which was followed by a registration to ASL space. 
Arterial masks were obtained by manually thresholding av-
eraged ASL images for the second through ninth timepoints. 
A multivariate ANOVA was used to compare the mean aBV 
and CBF values between the 2 models, where P < .05 was 
considered as significant.
The mean aBV values were subsequently compared with 
the mean aBV values obtained from the 4D ASL angiog-
raphy. Because the reconstructed spatial resolution of the 
high temporal resolution dataset (2.625 × 2.625 × 8 mm3) 
differs from the reconstructed spatial resolution of the 4D 
ASL angiography dataset (0.86 × 0.86 × 0.65 mm3), the 4D 
ASL angiography was down- sampled using an averaging 
filter of 3 × 3 × 12 voxels in MatLab R2019b (MathWorks, 
Natick, MA) before quantification to achieve similar spatial 
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resolution. For this downsampled 4D ASL angiography, 
only the macrovascular component was fitted, and only to 
the first 5 timepoints — as with the original 4D ASL angi-
ography dataset because barely any signal is left during the 
last 3 phases.
2.4 | Effect of temporal resolution on 
separation of macrovascular and tissue 
component in multi- timepoint ASL
2.4.1 | Acquisition
To study the effect of the temporal resolution of an ASL data-
set on the separation of the macrovascular and tissue com-
ponent, a conventional (low) temporal resolution dataset was 
also acquired by eliminating the LL readout and using a 90° 
flip- angle for the 2D multi- slice readout (Figure 1C). This 
results in only 7 timepoints compared to the 28 timepoints 
of the high temporal resolution dataset. This low temporal 
resolution data was acquired twice, with and without vascu-
lar crushing in the inferosuperior direction, with a velocity 
encoding cutoff of 4 cm/s2. All other parameters were kept 
constant. In addition, a synthetic low temporal resolution 
ASL dataset was obtained from the high temporal resolution 
ASL dataset by eliminating the last 3 LL readouts for every 
Hadamard line. Using this approach, the effect of different ac-
quisitions can be avoided while the influence of the temporal 
resolution can still be studied.
2.4.2 | Postprocessing and kinetic modeling
Postprocessing of the low temporal resolution data was the 
same as for the high temporal resolution data, and the same 
kinetic models were fitted. The synthetic low temporal reso-
lution ASL dataset was corrected for the fact that it was ac-
quired with a 30° flip angle, whereas other postprocessing 
and analyses was kept equal to the original low temporal 
resolution ASL dataset. Comparison of the mean aBV and 
CBF values was performed for the 2 different ASL datasets 
to investigate whether separation of the 2 components was 
affected by the temporal resolution of the data. This compari-
son between different temporal resolutions was statistically 
tested using a multivariate ANOVA where P < .05 was con-
sidered as significant.
3 |  RESULTS
3.1 | Characterization of the macrovascular 
component and dispersion using 4D ASL- MRA
Figure 2 shows the 4D ASL angiography from a representa-
tive volunteer as maximum intensity projections. Images 
were acquired at an interval of 200 ms; therefore, the pas-
sage of the labeled blood within the arteries can be followed 
clearly. Because this dataset only contains macrovascular sig-
nal, only the macrovascular component of the kinetic model 
was fitted, resulting in aBV maps, as shown in Figure 3 for 
F I G U R E  2  Maximum intensity projections for 8 different timepoints of the 4D ASL angiography scan. The PLD ranged from 240 to 1640 
ms, which allowed for imaging of the labeled blood traversing the macrovasculature. The pCASL label duration was only 500 ms; thus, the signal 
intensity was decreased for the last 3 timepoints because the bolus of labeled spins traversed the vasculature
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the 3 tested models, in combination with the different ini-
tialization values for the BAT parameter. Especially for the 
model without inclusion of a dispersion kernel, the signal in 
the aBV maps is dependent on the BAT initialization value. 
Increasing, BAT values for this model resulted in an increase 
of estimated aBV because signal was fitted further down the 
vascular tree. Increasing BAT values also resulted in higher 
nonnegligible values outside the macrovasculature, which 
F I G U R E  3  ABV maps estimated using 
different initialization values for the BAT 
in the arterials for the 3 different models: 
without a dispersion kernel included, with 
a gamma dispersion kernel included, and 
with a gamma dispersion kernel included 
with low precision priors. The aBV maps for 
the model without the dispersion included 
show a dependency on the initialization 
value, whereas the aBV maps for the model 
with the gamma dispersion included are 
less dependent. For all 3 models, without 
dispersion, with dispersion and with 
dispersion with lower precision priors, 
applies that more signal in the background 
is present using a higher value for the BAT 
parameter. ABV, arterial blood volume; 
BAT, bolus arrival time
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could be due to successful fitting of label further upstream in 
the vascular tree and/or inclusion of tissue signal in the fitted 
signal. Ideally, higher spatial resolution should be required 
to pinpoint what these nonnegligible values are representing. 
At the moment, we would characterize these signals as tissue 
blush, as similarly found in digital subtraction angiography. 
When a gamma dispersion kernel was included in the model, 
the aBV maps were more consistent over the different ini-
tialization values, and more nonnegligible values outside the 
macrovasculature were observed. For the default BAT value 
of 1 s, the model was not able to fit the signal in the mid-
dle cerebral artery. This is also the case when applying the 
model with low precision priors for which the precision on 
the priors for the 2 dispersion parameters was reduced to give 
the dispersion kernel more variability when fitted from the 
data. For this model, more variations in the aBV map are seen 
for the multiple initialization values. However, a decrease in 
number of nonnegligible values outside the macrovascula-
ture is shown compared to the model with default settings for 
the gamma dispersion kernel.
Figure 4A shows example fits for 4 representative vox-
els in which the different models were fitted to the 4D ASL 
angiography dataset with a prior value of BAT = 0.55 s. 
Overall, the model that includes the gamma dispersion ker-
nel showed the best similarities with the ASL signal over 
time, which is supported by the highest, that is, the clos-
est to 0, mean negative FE values within the macrovascular 
component (Figure 4B). The model without the inclusion of 
a gamma dispersion kernel and the model with the gamma 
dispersion kernel included with low precision priors were 
both not able to fit the macrovascular ASL signal in all vox-
els. Subsequently, the mean negative FE was calculated over 
the arterial mask to determine the best model in combina-
tion with the best initialization value for the BAT parameter, 
which are shown in the graphs in Figure 4B. This analysis 
was first performed in half of the volunteers as an initializa-
tion study. Based on the mean negative FE, the model with 
the gamma dispersion kernel was selected. This model also 
showed the most consistent aBV maps over the range of dif-
ferent initialization values for BAT. The BAT initialization 
was favorable in a range of 0.25 till 0.7 s, that is, showing the 
highest mean negative FE. We decided to take the approxi-
mate middle value for our analysis to be on the safe side and 
to stay clearly away from the steep decrease of FE values 
after 0.7 s. Therefore, a BAT value of 0.55 s was used for all 
further analyses.
To study the effects of modelling dispersion on the detec-
tion of the macrovascular component, mean aBV values were 
calculated within the arterial mask (Table 1). Including a 
gamma dispersion kernel in the model resulted in an increase 
of mean aBV values for all volunteers (Figure 3). Lowering 
the low precision priors of the gamma dispersion kernel lead 
to a small decrease compared to the aBV map for the default 
gamma dispersion model. An univariate ANOVA test on the 
outcome variable, mean aBV values, revealed significant ef-
fects between the 3 different models that were fitted to the 
data (F(2,21) = 16.229, P < .001).
3.2 | Combined estimation of dispersion and 
macrovascular component in high temporal 
resolution ASL
Figure 5A shows a single slice out of the 16 slices that were 
acquired with high temporal resolution ASL. A temporal 
resolution of 75 ms was achieved up to a PLD of 1525 ms. 
The signal fluctuations in intensity of the ASL- images can be 
explained by the different label durations for the sub- boli of 
the Hadamard- 8 preparation. BASIL accounts and corrects 
for these differences in the applied model.
A 2- component model was fitted to this multi- timepoint 
ASL dataset; therefore, aBV and CBF maps were obtained 
(Figure 6). Mean aBV and CBF values were calculated, 
which are shown in Table 2. For this dataset, mean aBV 
values were increased when dispersion was included in the 
model. In addition, a decrease in CBF values was found, as 
shown in Figure 6 and Table 2. The multivariate ANOVA 
test showed a significant difference in CBF and aBV for the 
2 models (F(2, 13) = 52.460, P < .001; Wilks' Λ = 0.110). 
Subsequent univariate ANOVAs on the outcome variables re-
vealed significant effects for both CBF (F(1,14) = 6.632, P = 
.022) and aBV values (F(1,14) = 48.733, P < .001).
The first 3 rows of Figure 7 show the aBV maps created 
with the 3 models for the different datasets (4D ASL angiog-
raphy, the downsampled 4D ASL angiography, and the high 
temporal resolution ASL). When comparing the aBV val-
ues from the high temporal resolution ASL dataset (1.44%, 
mean aBV values for all volunteers without dispersion) with 
the aBV values for the downsampled 4D ASL angiography 
dataset (15.89%, mean aBV values for all volunteers with-
out dispersion), the aBV values for the multi- timepoint ASL 
datasets were found to be much lower.
3.3 | Effect of temporal resolution on 
separation of macrovascular and tissue 
component in multi- timepoint ASL
Figure 5B shows a single slice out of the 16 slices that were 
acquired with the lower temporal resolution, both with and 
without vascular crushing of 4 cm/s2. Seven time points were 
acquired with a temporal resolution of 225 ms for the ear-
lier PLDs and 600 ms for the latest PLDs. Inclusion of vas-
cular crushing resulted in a decrease of signal in the earlier 
timepoints due to saturation of the fast- flowing blood in the 
macrovasculature.
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F I G U R E  4  (A) Model’s fit prediction over the multiple timepoints for the 3 different models that were fitted to the 4D ASL angiography. The 
black line is the subtracted ASL signal over the multiple timepoints, and the different colors represent the different models all using the initialization 
value of 0.55 s for the BAT parameter. The model with the inclusion of a gamma dispersion kernel but without the extra freedom was able to fit the 
subtracted ASL signal over time the best. (B) Mean negative free energy values within an angiographic mask for the multiple volunteers and the different 
models in combination with a range of initialization values for the BAT parameter. The mean negative free energy values are the highest for the model 
with the gamma dispersion kernel included. In addition, for this model the negative free energy remains stable over the different initialization values
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Figure 6 shows the aBV and CBF maps for the low 
temporal resolution ASL dataset, with and without vas-
cular crushing. Mean aBV and CBF values are shown in 
Table 2. Inclusion of a gamma dispersion kernel resulted 
in an increase in aBV and a decrease in CBF values. For 





With Gamma Dispersion (low precision 
priors)
Volunteer 1 46.75% 68.74% 65.67%
Volunteer 2 38.10% 69.47% 65.34%
Volunteer 3 46.24% 70.08% 67.10%
Volunteer 4 54.49% 72.67% 71.38%
Volunteer 5 63.24% 78.99% 75.77%
Volunteer 6 53.98% 62.84% 61.20%
Volunteer 7 53.48% 60.90% 60.04%
Volunteer 8 54.03% 61.91% 60.57%
Mean 51.29%* 68.20%* 65.88%*
ANOVA, analysis of variance.
*Statistically different, univariate ANOVA, P < .05.
T A B L E  1  Mean aBV values in 
percentages for 4D ASL angiography
F I G U R E  5  (A) Subtracted ASL signal for a representative single slice from the high temporal resolution dataset. Twenty- eight chronological 
timepoints are shown with a temporal resolution of 75 ms up to a PLD of 1525 ms. B) Subtracted ASL signal for a representative single slice from 
the low temporal resolution dataset. Seven chronological timepoints are shown without (top) and with (bottom) vascular crushing of 4 cm/s2. The 
dataset with the vascular crushing shows almost no signal at the earlier PLDs, proofing that the fast- flowing blood was effectively crushed. a.u. = 
arbitrary units
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is assigned to the macrovascular component (low aBV) 
because vascular signal was apparently successfully 
crushed (Figure 6). When including a dispersion kernel, 
some small parts of vessels, especially those located 
within the border zones, were included in the macrovas-
cular component.
F I G U R E  6  aBV and cerebral blood flow (CBF) maps for volunteer 3 for the high and (synthetic) low temporal resolution, and for the latter 
with vascular crushing. More macrovascular signal is included in the aBV map for the high temporal resolution dataset. This results in lower CBF 
values for this dataset. Moreover, the inclusion of a gamma dispersion kernel also leads to an increase in aBV values, accompanied by even lower 
values for the CBF. As expected, almost no macrovascular signal is included in the aBV map for the dataset when vascular crushing is applied. 
CBF, cerebral blood flow
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T A B L E  2  Mean CBF and aBV values for all volunteers
aBV (%) CBF (mL/100 g/min)
Without 
Dispersion With Gamma Dispersion
Without 
Dispersion With Gamma Dispersion
High temporal resolution
Volunteer 1 1.25 2.56 49.46 39.61
Volunteer 2 1.10 2.09 32.59 27.23
Volunteer 3 2.03 3.51 57.67 45.81
Volunteer 4 1.54 2.72 43.05 34.25
Volunteer 5 1.18 2.66 49.77 40.89
Volunteer 6 1.28 2.58 54.71 43.73
Volunteer 7 1.55 2.58 44.70 35.06
Volunteer 8 1.57 2.57 56.97 45.30
Mean 1.44*,• 2.66*,• 48.62* 38.99*
Low temporal resolution
Volunteer 1 0.49 1.81 49.13 45.24
Volunteer 2 0.38 1.20 33.96 32.05
Volunteer 3 0.82 2.94 57.21 52.38
Volunteer 4 0.68 2.23 47.67 42.80
Volunteer 5 0.70 1.78 46.43 45.01
Volunteer 6 0.51 2.04 55.98 50.48
Volunteer 7 0.93 2.07 47.03 43.68
Volunteer 8 0.57 1.85 56.94 51.29
Mean 0.64*,• 1.99*,• 49.29 45.37
Synthetic low temporal resolution
Volunteer 1 0.87 2.50 42.24 37.31
Volunteer 2 0.78 1.91 27.70 26.19
Volunteer 3 1.19 3.24 48.20 42.62
Volunteer 4 0.87 2.30 37.38 33.38
Volunteer 5 0.88 2.65 39.75 37.62
Volunteer 6 0.80 2.41 47.50 41.03
Volunteer 7 1.05 2.39 39.01 33.92
Volunteer 8 0.93 0.93 47.73 41.74
Mean 0.92*,• 2.29*,• 41.19 36.73
Low temporal resolution with vascular crushing
Volunteer 1 0.06 0.16 29.24 28.69
Volunteer 2 0.06 0.15 17.02 17.83
Volunteer 3 0.05 0.35 41.24 39.68
Volunteer 4 0.04 0.20 29.32 28.62
Volunteer 5 0.04 0.16 26.69 27.18
Volunteer 6 0.05 0.22 36.35 34.76
Volunteer 7 0.05 0.29 32.04 30.68
Volunteer 8 0.04 0.21 39.04 36.89
Mean 0.05* 0.22* 31.37 30.54
aBV, arterial blood volume; ASL, arterial spin labeling; CBF, cerebral blood flow.
*Statistical difference between models, multivariate ANOVA, P < .05
•Statistical difference between temporal resolutions, multivariate ANOVA, P < .05.
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Using Wilks’ statistics, a statistically significant  effect 
was found between the 2 different models that were fit-
ted to the low temporal resolution dataset without (F(2, 
13) = 39,807, P < .001; Wilks' Λ = 0.140) and with (F(2, 
13) = 26.965, P <  .001; Wilks' Λ = 0.194) vascular crush-
ing. However, separate univariate ANOVAs on the outcome 
F I G U R E  7  ABV maps for the different datasets and different models using the BAT parameter set at 0.55 s. Including a gamma dispersion 
kernel within the kinetic model leads to an increase of signal intensity for all datasets; in addition, more voxels are fitted, which could indicate that 
the signal is fitted further down the vascular tree. When the precisions of the gamma dispersion priors were lowered, the model could not fit the 
signal in all the vessels within the main arteries. The down- sampled 4D ASL angiography, which has the same reconstructed spatial resolution as 
the high/low temporal resolution datasets, shows higher aBV values compared to the high/low temporal resolution dataset
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variables revealed significant effects on aBV  values (F(1,14) = 
53.478, P < .001 and F(1, 14) = 45.775, P < .001) for both 
these datasets but nonsignificant effects on CBF  values 
(F(1,14) = 1.209, P = .290 and F(1, 14) = 0.052, P = .823).
The bottom 2 rows of Figure 7 show the aBV maps for the 
3 different models for the low temporal resolution datasets 
with and without vascular crushing. These aBV maps show 
a decrease of signal for the low temporal resolution dataset 
compared to the high temporal resolution dataset.
Comparing the aBV and CBF values using a multivariate 
ANOVA for the different temporal resolutions demonstrated 
a significant difference between the outcome variables 
when no dispersion was included in the model (F(2, 13) = 
24.804,  P  < .001; Wilks' Λ = 0.208). Separate univariate 
ANOVAs on the outcome variables revealed a significant 
effect on the aBV values (F(1,14) = 41.676, P < .001) and 
a nonsignificant difference for the CBF values (F(1,14) = 
0.028, P = .869) for the different temporal resolution data-
sets. The same results were shown between the high and low 
temporal resolutions when both datasets were fitted with a 
gamma dispersion kernel included in the model (F(2, 13) = 
18.222,  P  < .001; Wilks' Λ = 0.263). Separate univariate 
ANOVAs showed a significant difference for the aBV values 
(F(1,14) = 9.038, P = .009) and a nonsignificant finding for 
the CBF values (F(1,14) = 3.889, P = .069)).
The results for the synthetic low temporal resolution ASL 
dataset demonstrate that similar influences were found when 
comparing models with and without dispersion kernels, as 
well as when comparing high versus low temporal resolution 
(Figures 6 and 7) (Table 2). However, for the synthetic low tem-
poral resolution dataset, the mean aBV values were found to be 
higher than the mean aBV values of the low temporal resolu-
tion dataset (Supporting information Figure S1). As a result, the 
CBF values of the synthetic low temporal resolution dataset are 
lower compared to the low temporal resolution dataset.
4 |  DISCUSSION
In this study, we investigated the estimation of the macrovascu-
lar contribution in multi- timepoint ASL using a 2- component 
kinetic model. This was studied in 3 different experiments: (1) 
gold standard data of the macrovascular component was ac-
quired by means of ASL angiography; (2) high temporal reso-
lution ASL- data was analyzed as an optimal multi- timepoint 
ASL dataset; and (3) more conventional (named low temporal 
resolution data in this paper) temporal resolution data, with 
and without vascular crushing, was analyzed.
Fitting the 4D- ASL angiography with the model with gamma 
dispersion (with the standard settings for the priors) showed the 
best fit and the highest negative FE values; therefore, it is ad-
vised to use this macrovascular model when separating macro-
vascular from tissue signal. A range of initialization values were 
studied for the BAT parameter. It was shown that the aBV maps 
were relatively consistent for all initialization values when using 
the model with the gamma dispersion kernel included. Without 
including dispersion in the modeling, the maps were much more 
variable for different BAT initialization values. Because the ini-
tialization value of 0.55 s gave the highest negative FE value, 
this value was used for the rest of the analysis.
Inclusion of a gamma dispersion kernel within the ki-
netic model led to an increase of aBV values compared to the 
model without dispersion included, which was consistently 
shown for all datasets. This was mainly because the arterial 
signal was fitted much further into the vascular tree; for ex-
ample, see Figures 3, 6, and 7. This seems logical because 
dispersion is expected to be more pronounced deeper into the 
vascular tree, and this is again an argument to include dis-
persion into the applied model. For the high and low tempo-
ral resolution ASL datasets, this increase in aBV values was 
accompanied by a decrease in CBF values. This is a logical 
consequence of fitting the macrovascular component deeper 
into the vascular tree; consequently, one might conclude that 
inclusion of a gamma dispersion kernel does provide a better 
estimate of the perfusion signal. This should be confirmed 
by head- to- head comparison with a gold standard perfusion 
measurement, such as 15O H2O positron emission tomogra-
phy (PET). PET is an accurate and precise method to deter-
mine CBF maps and is assumed to be the gold standard for 
perfusion measurements.19 It was already shown by Heijtel 
et al. that ASL CBF measurements are in good agreement 
with PET CBF estimates; only a small absolute difference 
was present with main differences in highly vascularized 
regions.20 To minimize intermodality differences, a hybrid 
PET/MRI system would be the optimal option.21
The parameters that describe the gamma dispersion ker-
nel are the time to peak (p in seconds) and the sharpness of 
this kernel (s in seconds−1). The default values of these pa-
rameters were based on previous ASL angiography study and 
implemented for conventional resolution ASL data when the 
aim is to quantify the ASL signal in perfusion units. To test 
whether these settings were indeed ideal, it was decided to 
change the priors of these 2 parameters for the model that 
fitted the 4D ASL angiography to give them more freedom 
to see whether a better fit to the data would be achievable. 
However, the found estimations differed only marginally (see 
Supporting information Table S1), while showing a large SD. 
The default settings seem therefore appropriate.
Also studied was whether the temporal resolution of the ASL 
dataset would influence the separation of macrovascular from 
perfusion signal. As shown in Figure 6 and Table 2, more signal 
was present in the aBV map from the high temporal resolution 
ASL dataset compared to the low- resolution dataset. As the ex-
pected consequence, the CBF values were indeed lower for the 
high temporal resolution data compared to the low temporal res-
olution data because more signal was included in the aBV map. 
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Higher temporal resolution ASL datasets, which results in better 
estimation of the macrovasculature and therefore in higher aBV 
values, will thus lead to a better separation of the macrovascu-
lar and perfusion signal. When a 2- component kinetic model is 
used, the estimation of the CBF map will thus be more accurate. 
Temporal resolution of ASL data does, therefore, also influence 
the separation of the macrovascular and tissue components, 
which is important when comparing studies and should also be 
taken into account when designing clinical studies. Woods et al. 
designed a general framework for the optimal ASL sequence for 
the estimation of CBF and ATT.22,23 Zhang et al. examined these 
different optimized protocols under the effect of dispersion and 
macrovascular contamination.24 It was shown that an ASL se-
quence optimized for both ATT and CBF estimation is also sensi-
tive to macrovascular signal, which makes sense because shorter 
PLDs are needed to estimate ATT, during which timepoints the 
labeled blood remains within arteries. This suggests that an ASL 
sequence optimized for ATT estimations is also suited for the es-
timation of aBV. This in line with our results (Figures 6 and 7), 
showing that a higher temporal resolution results in higher aBV 
values. To further improve the accuracy and precision of the aBV 
estimation, it is therefore important to sample more densely at 
shorter PLDs starting from the BAT, that is, the arrival time of 
the label within the arteries in the imaging volume.
The difference in aBV and CBF values, which are shown 
in the Supporting information Figure S1, between the original 
and synthetic low temporal resolution data could probably be 
attributed to the SNR differences between these 2 datasets orig-
inating from the smaller flip angle of the synthetic low tem-
poral resolution dataset. Such a decrease in SNR could have a 
more profound effect on the perfusion estimate compared to the 
aBV estimates due to the relatively lower signal of the perfu-
sion component. This might explain the higher aBV and lower 
CBF values in these synthetic low temporal resolution datasets, 
but this hypothesis should be proven in future research.
Surprisingly, a large difference was observed between the 
aBV values obtained from the down- sampled 4D ASL angi-
ography and the high (and low) temporal resolution ASL data. 
Because the reconstructed spatial resolutions were similar, val-
ues that were similar were expected. The aBV data from the 
ASL angiography data at the same spatial resolution were ap-
proximately a factor 10 higher. The aBV values of the ASL data 
are in line with previous reported values of aBV < 5% when 
measured by ASL.3,25,26 These aBV values in ASL are a com-
bination of macrovascular and microvascular arterial blood vol-
umes and seem to be consistent with cerebral blood volumes 
measured with PET.27 However, with PET usually only the 
microvascular blood volumes are included. Yet, literature val-
ues of, for example, the middle cerebral artery diameter do28 
support the larger values, as observed from the down- sampled 
4D- ASL angiography data. With a mean diameter of the middle 
cerebral artery of 3.1 mm and our voxel- size in the X/Y- plane 
of 3 mm, the volume of the middle cerebral artery within a 
voxel is around 22 mm3. Because the total volume of our voxel 
is 72 mm3, this results in aBV values up to 30%. Of course, the 
middle cerebral arter is not traversing straight through a voxel; 
therefore, the aBV values will be somewhat lower than 30%. 
However, these values are in good agreement with the observed 
aBV values for the down- sampled ASL angiography.
The reason for this discrepancy is unknown but might be 
related to the fact that the dynamic pattern of the macrovas-
cular component is too similar to the perfusion signal for ac-
curate separation or due to differences in vascular crushing 
between an EPI and a TFE- readout. This last option is sup-
ported by the fact that the maximum intensity projection of 
the macrovascular component in the EPI- data reflects mainly 
more distal arteries, which are known to exhibit slower blood 
flow. To rule out that some steps during the postprocessing 
affected the output of the kinetic model, 2 steps were stud-
ied more closely. First, the 4D ASL angiography as well as 
the downsampled version of this were fitted by only a single 
component model; that is, only the macrovascular component 
was included. We further investigated whether the fitting of 
just this single- component model could have influenced the 
aBV maps. Figure 8 shows the aBV and CBF maps (A and 
B) when the 2- component model is fitted to the 4D ASL an-
giography. The mean values are in agreement with the aBV 
values (47.06%) for the 1- component fit, and the CBF maps 
shows mainly noise because almost none of the labeled blood 
arrived to the tissue for this dataset. This can, therefore, not 
explain the observed differences in aBV. Secondly, we tested 
whether downsampling of the aBV map from the high spatial 
resolution 4D ASL angiographic data would result in similar 
aBV values as doing the fitting on downsampled multi- PLD 
data (ie, changing the order of downsampling and fitting; see 
Figure 8C). Again, similar values were observed (see second 
row in Figure 7), excluding also this as a possible explanation 
for the disagreement. Therefore, these results might suggest 
that aBV values are underestimated in standard ASL datasets 
due to vascular crushing by the EPI readout. Underestimation 
of the aBV should thus be expected when interpreting aBV 
values obtained from multi- PLD EPI data.
Because the voxel size within our study is on the higher 
end of the range recommended by the ASL white paper in 
2015,29 it is possible that the quantification of our ASL signal 
was influenced by partial volume effects. During the quanti-
fication process, it is possible to correct for these effects, for 
example by using a local linear regression approach as pro-
posed by Asllani et al.30 More recently, Chappell et al. pro-
posed a partial volume correction method for multi- timepoint 
ASL datasets.31 This method is based on adaptive spatial reg-
ularization, partial volume estimates of different tissue types, 
and differences in kinetics between gray and white matter. 
However, at this point the macrovasculature is not included 
as a separate compartment with its own partial volume in the 
model. Although conceptually not difficult, it does pose some 
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challenges since it would require either an estimation of mac-
rovascular fraction from an anatomical scan (as done for gray 
and white matter, but this is not as easy for the macrovascular 
component) or the fraction (aBV) should be estimated from 
the multi- timepoint ASL data. This fraction should then also 
be taken from one of the tissue fractions, which results in 
a complicated framework. This would be an important im-
provement and a necessary step for partial volume correction 
methods to be applied to the type of data of this study.
5 |  CONCLUSION
In this study, the combined estimation of dispersion and mac-
rovascular component was investigated using 4D ASL an-
giography as a reference for the macrovascular component. 
It was shown that the model including a gamma dispersion 
kernel outperformed the other models with respect to the high-
est mean negative FE and the fitting of the vascular signal 
further into the vascular tree. The combined estimation of 
dispersion and macrovascular component subsequently was 
studied using a high and low temporal resolution ASL data-
set. For both datasets, inclusion of a gamma dispersion kernel 
resulted in a statistically significant increase in aBV values 
and decreased CBF values. Visual inspection allowed correct 
identification of arterial signals further down the arterial tree, 
showing that inclusion of a gamma dispersion kernel within 
the 2- component kinetic model improves separation of mac-
rovascular from perfusion signal. Compared to the low tem-
poral resolution aBV values, statistically significant higher 
aBV values were found for the high temporal resolution ASL 
dataset. This also resulted in lower CBF values for the high 
temporal resolution ASL dataset; therefore, the separation is 
also influenced by the temporal resolution of the ASL dataset. 
Finally, the results suggest that an EPI- readout crushes some 
vascular signal, resulting in an underestimation of aBV values.
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SUPPORTING INFORMATION
Additional Supporting Information may be found online in 
the Supporting Information section.
FIGURE S1 Comparison between mean arterial blood vol-
umes and cerebral blood flow values between high, low and 
synthetic low temporal resolution with and without disper-
sion kernel included in the kinetic model. Similar influences 
are shown when comparing the results with and without the 
inclusion of a dispersion kernel
TABLE S1 Mean values for the two dispersion parameters 
Log(s) and Log(s*p) for the model with the default preci-
sions for these parameters and the model with more freedom, 
where the precisions were lowered from 1.0 to 0.1. These val-
ues were calculated within an angiographic mask for the 4D 
ASL angiography datasets. Giving these dispersion parame-
ters more freedom to fit the data resulted in minor changes 
compared to the default settings
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